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Abstract 
Quantifying the ubiquitous, ephemeral, and highly diverse patterns of mobile social media 
(MSM) use is a challenge for communication research. Most researchers employ retrospective 
survey measurement, thus depending on the accuracy of users’ memories and generalizations. 
Alternatively, some researchers rely on in-situ measurement, being less dependent on users’ 
memories and generalizations, but requiring random situation samples. To assess differences 
and similarities between these two measurement approaches we analyzed whether 
characteristics (duration and frequency of a usage episode, habit, elaboration, and 
gratifications) of MSM use (regarding Facebook, WhatsApp, and YouTube) vary between 
retrospective survey and mobile experience sampling measurement. We observe a consistent 
pattern of higher estimates in retrospect as compared to individual averages of in-situ reports. 
The absolute magnitude of these differences varies considerably between platforms and 
characteristics studied. Nonetheless, for most constructs and platforms we find low significant 
positive correlations between retrospective and aggregated in-situ values.  
 
Keywords: survey, experience sampling, self-report, in-situ, retrospective, mobile social 
media 
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Reporting Mobile Social Media Use:  
How Survey and Experience Sampling Measures Differ 
Media use is a central construct in communication research. A challenge for many 
studies in communication research, though, is how to measure characteristics of media use 
validly and reliably (Slater, 2004; de Vreese & Neijens, 2016). Standardized self-reports are 
among the most common methods to gather information on media behavior (Ha et al., 2015). 
They are easy to conduct, affordable, and they might be amended by measures of cognitions, 
emotions, and other data that cannot be gathered via log data (Boase & Ling, 2013). However, 
self-report surveys are mostly conducted in retrospect (de Vreese & Neijens, 2016). 
Retrospective measures (also referred to as ‘ex-post measures’ in this paper) are generally 
assumed to suffer from a lack of validity, because the moment of data collection is removed 
from the moment of media use (Bradburn, Rips, & Shevell, 1987; Nisbett & Wilson, 1977). 
This challenge becomes even more apparent when it comes to adapting measurement to the 
recent changes in our media ecology, that is measuring processes of mobile social media 
(MSM) use (de Vreese & Neijens, 2016; Niederdeppe, 2016). Nowadays, users have 
ubiquitous access to a wide variety of devices, platforms, and content in a virtually unlimited 
range of use contexts. They engage in all sorts of communication ranging from bidirectional 
to unidirectional, from synchronous to asynchronous, from text, over voice to video, from 
very short to extensive usage episodes. Hence, with regard to MSM we observe an 
unprecedented breadth of usage patterns. 
As a complement to traditional methods, in-situ measurement meets some of the 
challenges as it collects self-reports with little or no time lag to media use. However, it comes 
with its own difficulties. Using the Experience Sampling Method (ESM; cf. Kubey, Larson, & 
Csikszentmihalyi, 1996; Larson & Csikszentmihalyi, 1983), researchers collect data on 
current behaviors, emotions, or cognitions over a period of several days or weeks at multiple, 
randomly chosen points in time. Participants are asked to respond with as little time lag as 
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possible, thus providing (almost) in-situ reports on media use behaviors. Hence, data from 
ESM studies are less dependent on users’ reconstructions than retrospective self-reports, but 
data quality depends on the representative sampling of situations in which respondents give 
reports. 
To contribute to the scientific understanding of the supposed disparity of in-situ and 
ex-post self-reports we conducted a comparative study focusing on measures of various MSM 
use characteristics on different platforms (YouTube, WhatsApp, and Facebook). We 
concentrate on MSM due to their both ubiquitous and highly volatile usage patterns that 
intensify the methodological challenges of measuring media use.  
Specific Challenges in the Measurement of Mobile Social Media Use 
For decades, media use was tied to stable situational contexts. Most media came along 
with specific locational settings, sometimes referred to as ‘media topes’ (Quandt & von Pape, 
2010). These locational settings included a certain stability regarding other context factors 
like social surroundings or additional media access. In the era of desktop computers, variation 
in online usage situations was little, with usage normally being restricted to either at home or 
at the work place (Hargittai & Hinnant, 2008). Only the introduction of wireless networks and 
portable computers extended the range of online media use to places beyond these traditional 
media topes (Hampton, Livio, & Sessions Goulet, 2010). This extended usage range of online 
media is often referred to as ‘nomadic’, as it allows for devices to be moved between, but not 
during usage situations (Feldmann, 2005). The spread of 3G networks and smartphones 
finally allowed for truly ubiquitous and mobile media use (Westlund, 2008). Henceforth, 
online media use, including social media use, started to penetrate even the smallest niches of 
our everyday lives. By this, MSM use was opened up to a theoretically unlimited array of 
situational contexts. That also brought along situational characteristics as a new set of factors 
influencing media use (Karnowski & Jandura, 2014; Struckmann & Karnowski, 2016).  
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The diffusion of MSM into the niches of our everyday lives not only came along with 
a broad array of situational contexts but also with a dramatically increased frequency of 
sometimes very short usage episodes (a phenomenon termed ‘POPC’ – permanently online 
and permanently connected; Vorderer, Krömer, & Schneider, 2016). This acceleration of 
media use is not unique to mobile online media. It had already been observed for TV 
consumption behaviors (e.g., Gauntlett & Hill, 1999). Ubiquitous media access intensified 
this already existing trend, however: First, it manifested itself in the extreme amount of text 
messages teenagers sent daily in the late 1990s and early 2000s (e.g., Oksman & Turtiainen, 
2004). Later it showed in the taken for grantedness of mobile communication services 
throughout our everyday lives (Ling, 2012). Nowadays, it cumulates in the emergence of 
MSM apps like Snapchat where the ephemerality of the very moment is a constituent 
characteristic of the service (Bayer, Ellison, Schoenebeck, & Falk, 2016). Taken together 
these particularities of MSM increase the probability of errors in retrospective self-reports on 
characteristics of MSM usage, as will be discussed below. 
Challenges of Self-Report Measures  
As mentioned above, standardized retrospective surveys are one of the most common 
methods to measure not only MSM use but also media use per se (Ha et al., 2015). However, 
the validity and reliability of survey data is impaired by both random and systematic errors 
(Groves & Lyberg, 2010; Lee, Hornik, & Hennessy, 2008). Measurement error refers to data 
collection. On a very basic level, the survey method is the most valid approach for measuring 
subjective conditions provided these are conscious and reproducible. It is less valid, however, 
for measuring general behavior (Scherpenzeel & Saris, 1997). In various contexts (Prior, 
2009; Scharkow, 2016) but especially regarding mobile (Abeele, Beullens, & Roe, 2013; 
Boase & Ling, 2013; Kobayashi & Boase, 2012) and social (Junco, 2013) media use 
behaviors, empirical research has documented measurement errors when survey answers were 
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compared to behavioral measures like log or provider data. Using a representative German 
sample, Scharkow (2016) showed that “there is considerable and non-random measurement 
error in self-report Internet use” (p. 19). Prior (2009) argues that reporting errors result from 
unrealistic cognitive demands made on respondents.  
Generalized retrospective self-reports  
Research on cognitive aspects of survey methodology (cf. Tourangeau, Rips, & 
Rasinski, 2000) suggests that questions activate a multi-level cognitive process consisting of 
(at least) five steps: The interviewee has to (1) understand the question, (2) recall the relevant 
behavior or cognitions, (3) make judgments (inferences and estimations) concerning these 
behaviors or cognitions, (4) adapt his or her answer to fit the response format, and (5) edit the 
answer for reasons of social desirability or self-presentation (Schwarz & Oyserman, 2001; 
Schwarz, Oyserman, & Peytcheva, 2010). With reference to steps (2) and (3), standardized 
ex-post surveys generally ask respondents to recall all relevant events in the past and to 
aggregate the behavior or cognitions over time. This is called frequency method (as opposed 
to the recency method discussed below). Such recall and aggregation is prone to measurement 
errors, because past behaviors or cognitions are more difficult to account for than more recent 
behaviors or cognitions (Bradburn, Rips, & Shevell, 1987; Krosnick, 1991; Nisbett & Wilson, 
1977; Prior, 2009). The accessibility of an answer is especially questionable when it comes to 
high frequency behavior: People are unlikely to have detailed representations of frequent and 
closely related behaviors and the accompanying cognitions. Instead, the numerous instances 
“blend into one global knowledge-like representation that lacks specific time or location 
markers” (Schwarz & Oyserman, 2001, p. 137). Consequently, respondents are unable to 
distinguish and retrieve individual episodes (Robinson & Clore, 2002). Especially reports on 
mundane behaviors and cognitive or emotional processes are prone to this error, while “more 
distinct events, in terms of intensity, emotionality, unusualness, or personal significance” 
(Reis & Gable, 2000, p. 196) tend to be recalled better (e.g., Boase & Ling, 2013).  
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In addition to lack of memory, generalizations across situations over a longer time 
span may be invalid as respondents rely on extensive inferences and estimation strategies to 
arrive at an answer (Schwarz & Oyserman, 2001). This is especially true when the behavior or 
cognition in question lacks inter-situational stability (Lee, Hornik, & Hennessy, 2008) or is 
executed frequently (Blair & Burton, 1987; Burton & Blair, 1991). Hence, generalizations of 
MSM use characteristics are even more prone to measurement errors than generalizations 
concerning other types of media use due to the theoretically unlimited breadth of situational 
contexts and highly frequent usage. Additionally, we assume the above described volatility or 
even ephemerality of MSM use to exacerbate accurate recall in retrospective surveys. With 
regard to the specific case of mobile phone calling and texting behaviors, Boase and Ling 
(2013) already found such ubiquitous high frequency and low duration behaviors to be prone 
to reporting bias. 
Self-reports on single recent phenomena 
Besides the frequency approach, another possibility to measure media use 
characteristics in surveys is the recency method. Here, respondents are asked specifically 
about characteristics of their most recent media behavior(s), which renders averaging 
superfluous. Self-reports on more recent, specific episodes are assumed to be comparably less 
biased (Kahlor, Dunwoody, Griffin, Neuwirth, & Giese, 2003; Lee et al., 2008). 
Unfortunately, this method is prone to error as well as specific recent media use episodes 
might be atypical compared to average use (Chang & Krosnick, 2003). Thus, such self-reports 
curb recall biases, but introduce a strong dependency on the particular situation of 
measurement. This problem is especially pressing when measuring behavioral or cognitive 
constructs that assumedly vary across situations (Schnauber, 2017). 
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In-Situ Measurement Across Situations: Experience Sampling Method 
The Experience Sampling Method (ESM) combines measurement of very recent 
phenomena and aggregation across various situations. ESM (also called ecological 
momentary assessment or ambulatory assessment) was developed in the late 1970s by 
Csikszentmihalyi and colleagues (Csikszentmihalyi & Larson, 1987; Hektner, Schmidt, & 
Csikszentmihalyi, 2007; Kubey et al., 1996; Larson & Csikszentmihalyi, 1983). It is a method 
of data collection in which respondents repeatedly report on behavior, cognitions, and 
emotions over a certain period of time across several situations. Each time they are alerted, 
subjects are asked to answer a short questionnaire (called experience sampling form, ESF) 
with as little delay as possible. Hence, this approach samples situations from users’ everyday 
lives as data are collected in natural settings and across situations. The ESF usually captures 
current behaviors, cognitions, or emotions, as well as situational aspects like place, context, 
activities, and subjective conditions (for instance affect activation, cognitive efficiency, 
motivation, mood, etc.). In communication studies questions might for example focus on 
duration of the last usage episode of a communication device, the currently used media 
content, cognitive processes during content selection and processing, or the gratifications 
sought in using the current media content (Schlütz & Scherer, 2001).  
The original and most prevalent form of ESM uses signal-contingent sampling and 
notifies participants at random points in time (for instance via beeper, telephone call, or text 
message) in order to capture a random and thus representative sample of human experiences 
within a certain time frame (for alternative sampling procedures see Scollon & Kim-Prieto, 
2003).  
Since its origins, ESM has been refined in order to profit from the ubiquity of 
smartphones. The Mobile Experience Sampling Method (MESM) has several advantages 
compared to the conventional ESM (Bolger, Davis, & Rafaeli, 2003). Most importantly, 
mobile experience sampling is easier to administer compared to the traditional ESM. 
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Participants only need to keep their smartphone ready during the day, which most people do 
anyhow (Ling, 2012). They can be alerted via smartphone and use the device for answering 
the ESF. There are various ways to administer the ESF using respondents’ smartphones, for 
example via reply text message (e.g., Cohen, Bowman, & Lancaster, 2016; Gergle & 
Hargittai, 2018), by a specific app (e.g., Boase & Kobayashi, 2012), or as a web-based, 
mobile-optimized online questionnaire (e.g., Karnowski, Kümpel, Leonhard, & Leiner, 2017). 
Both app-based and online questionnaires offer the technical benefits of online surveys like 
filters, multi-media components, the recording of additional data types (like photographs, 
geodata, or other forms of behavioral traces), and time stamps (e.g., Brandt, Weiss, & 
Klemmer, 2007; Palen & Salzman, 2002). Additionally, time stamps allow for controlling (or 
even impeding) time lags between prompting and answering.  
Compared to generalized ex-post self-reports and single in-situ self-reports, studies 
employing the MESM facilitate the cognitive process of answering self-report questions 
described above. Surely, participants still need to understand the question (step 1) and adapt 
their answers to the response format of close-ended questions (step 4). However, in-situ 
measurement facilitates step (2), that is retrieval and judgment, because participants are asked 
to assess momentary or very recent behaviors, cognitions, or emotions. MESM studies also 
take a different approach towards generalizations (step 3) than single in-situ measurement: A 
single report in one ESF (comparable to a recency measure) may paint an atypical picture 
when the respondent’s media use is irregular and varies across different situations. However, 
MESM is a longitudinal method and participants repeatedly state their behaviors, cognitions, 
or emotions across many randomly chosen situations. Information on average usage is not 
estimated but computed by aggregating individual in-situ data. Thus, trans-situational 
information usually pertained by the frequency method is computed from the interviewee’s 
situational reports. Compared to single self-reports with recency questions, this may increase 
ecological validity and generalizability of results (as it is comparable to the decomposition 
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approach suggested by Tourangeau, Rips, & Rasinski, 2000, p. 163). This, however, assumes, 
that the sample of situations studied is representative of respondents’ everyday lives. Report 
latency, that is time lag between the prompted, randomly chosen situation, and actual 
completion of the ESF, as well as systematic nonresponse to ESFs in some specific situations 
are the most pressing challenges in this regard.  
Differences Between Ex-Post and In-situ Media Use Measures 
Considering the challenges of self-reports, it seems worthwhile scrutinizing the 
differences between data on MSM use characteristics obtained by retrospective survey 
methods as compared to MESM (i.e. repeated in-situ measures). Given different demands on 
information retrieval and generalization, we presume differences in data on media use 
characteristics derived from retrospective surveys and MESM studies, respectively. Given the 
characteristics of MSM use outlined above, these differences can be assumed especially 
prevalent for MSM platforms. Hence, we ask: How do measures of mobile social media use 
characteristics vary as a function of measurement method (ex-post vs. repeatedly in-situ)? 
The concept of media use has been understood (and operationalized, see Nagler, 2017) 
quite heterogeneously in extant literature. Media use comprises several stages within the 
communication process including decision and implementation (Rogers, 2003). These stages 
help to demarcate two levels of media use: In the decision stage, the basic question of 
exposure (use vs. non-use) is determined whereas the implementation stage includes the 
actual usage process and its characteristics. To get a broader picture of the presumed 
differences we will measure both aspects of media use. The first stage is indicated by usage 
frequency. The second stage comprises a behavioral measure (duration of a usage episode) 
and indicators of more evaluative cognitive characteristics of the usage process. These 
characteristics are the mental effort dedicated to the selection of media content represented by 
habit strength, the processing capacity devoted to the selected content, that is elaboration, and 
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the gratifications linked to the media use episode. We chose these indicators as they often 
serve as independent variables, mediators or moderators in media effect studies (Slater, 2004). 
If basic variables such as these are not measured accurately, associations with or 
dependencies of other concepts might be misjudged.  
Both frequency and duration, being basic behavioral measures of media exposure, 
have been included in several recent studies on MSM use (e.g., Leiva Soto, Benavides 
Almarza, & Wilkinson, 2017; Scott et al., 2017). Regarding the cognitive concepts, we chose 
measures that presumably vary between (and maybe even within) situations. Habit strength of 
media use, for instance, is central to audience and effects studies (e.g., Bayer, Dal Cin, 
Campbell, & Panek, 2016; Tokunaga, 2016). It refers to selecting media content based on a 
mental script about familiar media use behavior. Habitual media selection is performed with 
automaticity, little consciousness, and controllability (Schnauber-Stockmann & Naab, 2018; 
LaRose, 2010). However, whether recipients make situative selection decisions habitually or 
whether they pay more attention to a current choice situation depends on situational 
circumstances. For one, situational cues trigger habitual selection decisions and indicate that 
the media users can refrain from effortful decision making. Additionally, situational 
motivation and capability of the media users influence whether they follow their habits or not 
(Betsch, Brinkmann, Fiedler, & Breining, 1999; Fazio, 1990).  
Elaboration has also been included in several studies on media and MSM use (e.g., 
Eveland, 2001; Eveland & Dunwoody, 2002; Oeldorf-Hirsch, 2018; Zha et al., 2018). The 
concept refers to the cognitive effort a person invests into processing selected media content. 
Hence, it also represents a characteristic of a single usage episode varying with content 
characteristics, the recipient’s motivation, and capacity to process the content (Petty & 
Caccioppo, 1979).  
Eventually, the long tradition of uses and gratifications research was inspired by the 
advent of new media both in terms of theoretical consideration (Ruggiero, 2000; Sundar & 
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Limperos, 2013) and empirical research (e.g., Leiner, Kobilke, Rueß, & Brosius, 2018; 
Raacke & Bonds-Raacke, 2008; Scherer & Schlütz, 2004; Smock, Ellison, Lampe, & Wohn, 
2011) which points to the importance of the approach in the context of MSM use. What is 
more, gratifications are dependent on the measurement method: Scherer and Schlütz (2002) 
argue that retrospectively measured gratifications represent gratification expectations that 
resemble cognitive schemata referring to media images. Situational gratifications, on the other 
hand, relate to singular use episodes that vary between situations. Thus, gratification 
expectations deviate from situational gratifications. Empirical research shows that 
retrospective and in-situ measures of gratifications of TV, the Internet, and games correlate 
positively, though (Scherer & Schlütz, 2002; Schlütz, 2002).  
Hence, in our study we will test for variations regarding frequency, duration, habit 
strength, elaboration, and gratifications of MSM use. The aim is to examine differences 
between ex-post and in-situ measures for the chosen constructs in order to provide empirical 




Before setting up the main study (see below), we conducted an extensive pilot study 
over 14 days with two alerts per person per day (N = 71 students; 86% female; Mage = 22.2, 
SDage = 2.9). In total, we received 1715 completed ESFs. There was a slight decline of 
completed ESFs over time and a slight dent in the morning hours. Overall participation in the 
study remained satisfactory, however, with a stable share of completed ESFs per day 
(N = 1715 completed ESFs out of 1988; Min = 72%; Max = 96%; M = 86%). After 
completing the study, participants handed in feedback on method, procedure, and technical 
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aspects. These findings were used to optimize the design of the main study, one aspect being 
the definition of the term ‘usage episode’ (see below).  
A second aspect concerned the sequencing of the two study parts (online survey and MESM 
study). For this, a subsample of students from the pilot study (n = 27) was asked to also take 
part in the main study. As this was only supposed to be an additional test to learn more about 
sequencing effects, their data are not part of the analyses reported below. Instead, we 
compared their answers and found that the retrospective estimations in the main study (i. e. 
the replication study from their point of view) were much more consistent with their in-situ 
data than the first time (i.e. the pilot study). We interpreted this result as a learning effect: 
Apparently, over the run of fourteen days the respondents had learned to appraise their media 
use characteristics more correctly due to the “self-observation period” they had undergone. As 
we supposed that it was more likely that the respondents learn from the MESM phase (due to 
the longer time frame) than from the retrospective study, we decided to conduct the online 
survey prior to the MESM study.  
Main Study: Overview 
The main study consists of two phases: First, an online survey was employed to gather 
conventional retrospective measures, that is ex-post estimates of the participants on their 
media use characteristics. Subsequently, participants took part in a two-week MESM study in 
order to measure media use characteristics in-situ. Strictly speaking, this sequencing makes a 
direct comparison between the two study parts problematic as the ex-post estimates do not 
refer to the same time frame as the in-situ measurement. This approach was necessary, 
however, to avoid panel effects that we expected due to the reactivity of the design. Existing 
research supports that repeated self-observations in an ESM study increase self-awareness 
regarding the examined behavior and can influence later reports (e.g., Csikszentmihalyi & 
Larson, 1987; van der Zouwen & van Tilburg, 2001). The effect is expected to be small from 
one in-situ report to another because people focus on specific instances of a behavior in each 
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in-situ report (Carp & Carp, 2007). Yet, the effect of repeated in-situ self-reports on a follow-
up retrospective survey should be more detrimental. We were less concerned about 
consistency or assimilation effects (i.e., prior questions impacting following ones) because of 
the nature of the measured concepts (behaviors and cognitions rather than attitudes) and the 
time lag between survey and MESM leading to a wear off effect (Tourangeau, Rips, & 
Rasinski, 2000, p. 207). Furthermore, to reduce probable bias limiting the external validity of 
comparing ex-post data to in-situ data we made sure that the period under investigation did 
not include any special events. Additionally, it can be stated that while characteristics of 
specific situations in people’s daily lives are highly diverse the overall composition of 
situations that constitute their daily routines are generally quite stable over time. Thus, 
comparing MESM data to the data of a previous online survey was considered acceptable. 
We included usage characteristics of three different types of social media platforms to 
grasp exemplars of the above-mentioned particularities of MSM behavior: a video platform, 
an instant messaging service, and a ‘traditional’ social networking site. We chose these 
exemplars to represent one of the three (sic) quadrants of the masspersonal communication 
model (MPCM) by O’Sullivan and Carr (2017): YouTube as an example of mass 
communication, WhatsApp as interpersonal communication, and Facebook as masspersonal 
communication. 
Sample  
The sample of the main study consisted of 126 students from three German 
universities. We deliberately chose a rather homogenous student sample to reduce 
interindividual differences in MSM use, thus being able to concentrate on differences brought 
about by the measurement method. Participants consented in writing after being informed 
about the aims and the procedure of the study. They received course credits as an incentive. 
Participants who did not answer the online survey (n = 7) or who did not complete any ESFs 
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of the MESM study (n = 7) were excluded leaving 112 participants (75.0% female, Mage = 
20.07; SDage = 1.89) for the following analyses.  
MESM procedure 
The MESM study started a few days after the completion of the online survey and 
lasted over a period of 14 days in early December 2016. During this time each participant 
received three text messages per day randomly timed between 8 am and 10 pm.1 Each text 
message contained a link to a short online questionnaire (ESF) directly accessible via the 
participants’ smartphone. The participants were asked to answer the ESF as soon as possible 
after being alerted. In total, we received 4246 completed ESFs. The report latency between 
prompt and actual participation time was 54.98 minutes (SD = 264.62). The ESFs were 
completed in 4.44 minutes on average (SD = 155.21). We excluded 70 ESFs with a 
completion duration of more than 10 minutes. Additionally, two ESFs were removed because 
two participants had stated never using Facebook in the online survey, but named this 
platform in an ESF. This procedure left 4174 ESFs with an average report latency of 55.09 
minutes (SD = 266.51; Mdn = 13.49) and a completion duration of 0.97 minutes (SD = 0.84; 
Mdn = 0.79). The average report latency of nearly an hour challenges the expected data 
quality since not all participants in all situations reported immediately in the randomly chosen 
situations. Thus, the data might be biased towards situative contexts and activities during 
which answering an ESF is perceived less disturbing. To clear the results from such distortion 
we will control for the report latency in the following analyses.  
Overall participation in the study was satisfactory with a stable share of completed 
ESFs per day (from 282 to 310 completed ESFs per day). Regarding the spread of completed 
ESFs across the day, we observed a satisfactory distribution, showing only a slight dent in the 
first hour (8-9 am). As no text message prompts were sent out between 10 pm and 8 am there 
are significantly fewer completed ESFs during this period of time. On average, the 
participants answered 37.91 (SD = 6.56) of their 42 ESFs. 
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The ESF determined whether or not YouTube, WhatsApp, and Facebook had been 
used in the last hour previous to answering the ESF (multiple choices were possible). In both 
the questionnaire and the ESF it was specified that a usage episode meant “how long 
respondents were occupied with the platform (by watching, reading, writing, posting) until 
they interrupted or ended the usage and turned towards a different activity”. This somewhat 
circuitous definition was chosen in order to account for the “permanently on” characteristics 
of the chosen platforms (Vorderer, Krömer, & Schneider, 2016). YouTube was used in 9.6% 
(n = 402), WhatsApp in 49.5% (n = 2068), and Facebook in 18.0% (n = 751) of the cases. In 
44.5% (n = 1858) of the observations participants did not use any of the three platforms. They 
were asked miscellaneous questions which will not be analyzed in this article. Subsequently, 
participants were randomly assigned to one of the platforms they had used in the past hour 
and asked questions on the respective usage situation. The resulting sample was distributed as 
follows: YouTube: 5.5% (n = 231 by 67 participants; on average the participants answered 
M = 3.45 ESFs regarding YouTube (SD = 3.19)), WhatsApp: 40.1% (n = 1672 by 110 
participants; on average the participants answered M = 15.20 ESFs regarding WhatsApp (SD 
= 6.81)), Facebook: 9.9% (n = 413 by 100 participants; on average the participants answered 
M = 4.13 ESFs regarding Facebook (SD = 2.65)). Since the number of completed ESFs differs 
across participants and platforms, we will control for the influence of this variable in the 
further analyses.  
Measures 
The descriptives of the following platform related measures of the online survey and 
the MESM study can be found in tables 1 to 4. All questionnaires were administered in 
German. All items included in the method section represent English translations of the 
original items. 
Online survey 
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The initial online survey was designed to gather data on media use characteristics in 
retrospect. At first it was recorded whether respondents used the three media platforms at all. 
YouTube was used by all 112 respondents at least rarely. Two respondents stated never to use 
WhatsApp, four did not use Facebook. These participants are excluded from analyses related 
to these platforms.  
Respondents estimated the duration of a regular usage episode of YouTube, 
WhatsApp, and Facebook in minutes (open format). The questionnaire specified that this 
should include how long respondents are usually occupied with the platform (by watching, 
reading, writing, posting) until they interrupt or end the usage and turn toward a different 
activity.  
Usage frequency of each platform was measured on a scale ranging from (5) = several 
times per hour, (4) = several times per day, (3) = daily, (2) = at least once per week, (1) = 
rarer to (0) = never.  
Habit strength of selecting each platform was measured using the self-report habit 
index by Verplanken and Orbell (2003) ranging from (1) = fully disagree to (5) = fully agree 
(12 items, e.g., “I switch on [the platform] automatically”, “I switch on [the platform] without 
thinking”, “Using [the platform] belongs to my daily routine”, “I start using [the platform] 
before I realize I’m doing it”; αYouTube = .89; αWhatsApp = .81; αFacebook = .87). However, in the 
ESFs only a very limited number of items can be asked to not overburden participants during 
the repeated measurement in the MESM phase. We therefore included only two items on habit 
in the ESFs (see below). To allow for direct comparison between the online survey and the 
MESM data, we also limited the analysis of the online survey to these two items. The short 
scale (Spearman-Brown coefficient YouTube = .788; WhatsApp = .776; Facebook = .839) can still 
be perceived a valid indicator of habit. It correlates strongly with the other 10 items of the 
habit scale (rYouTube = .677, p < .001; rWhatsApp = .621, p < .001; rFacebook = .725; p < .001) as 
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well as with the complete 12-item scale (rYouTube = .783, p < .001; rWhatsApp = .792, p < .001; 
rFacebook = .842; p < .001). 
Elaboration of the used content was measured by four items adapted from Schemer, 
Matthes, and Wirth (2008) ranging from (1) = fully disagree to (5) = fully agree (e.g., “When 
I use [the platform] I am likely to process the content thoroughly”, “When I use [the platform] 
I often skim through the content” (reverse coded); αYouTube = .86; αWhatsApp = .87; αFacebook = 
.81). For the same reason as with habit (see above), we report the results of a short scale for 
elaboration using the same two items asked in the ESFs (Spearman-Brown coefficient 
YouTube = .717; WhatsApp = .766; Facebook = .682). It correlates strongly with the other two 
items of the elaboration scale (rYouTube = .838, p < .001; rWhatsApp = .801, p < .001; rFacebook = 
.729; p < .001) as well as with the complete four-item scale ( rYouTube = .959, p < .001; rWhatsApp 
= .944, p < .001; rFacebook = .930; p < .001). 
Gratifications were measured with eight (YouTube) to ten (WhatsApp, Facebook) 
items covering the dimensions of entertainment, information, social integration, and 
organization of everyday life. As there are no agreed upon uses and gratifications scales for 
new media we formulated own items. All items were again measured on a scale ranging from 
(1) = fully disagree to (5) = fully agree. The items were introduced with the phrase “Please 
indicate how these items apply to your [platform] use”. We tested the scales for internal 
consistency of the different gratification dimensions. However, internal consistencies were 
insufficient and we decided to use the individual items for further analyses.  
MESM study  
Participants reported on the duration of the last use episode in minutes of the 
platform which they were assigned to. 
To measure situative habit strength in the selection of the last usage episode two 
items of the above-mentioned habit scale were used (“I switched on [the platform] 
automatically”, “I switched on [the platform] without thinking”; Spearman-Brown coefficient 
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YouTube = .912; WhatsApp = .805; Facebook = .822. The analyses of internal consistency rest on 
the observations in the first ESF for each platform by each participant.).  
To measure situative elaboration of content during the last usage episode, two items 
of the above-mentioned elaboration scale were used (“I processed the content thoroughly”, “I 
skimmed through the content” (reverse coded); Spearman-Brown coefficient YouTube = .722; 
WhatsApp = .826; Facebook = .804. The analyses of internal consistency rest on the observations 
in the first ESF for each platform by each participant.). 
Situative gratifications were measured using the same items as in the online survey. 
Yet, the items were introduced with the phrase “For which reasons did you use [the platform] 
in the current situation?”.  
Usage frequency, being a trans-situative usage pattern, cannot be asked from 
respondents in-situ. Yet, as a counterpart to the retrospective frequency measure we computed 
usage likelihood of each platform from the MESM data. During the experience sampling 
phase, the participants provided up to 42 measures of their current media use, each time 
indicating which of the three platforms they had been using in the past 60 minutes. Hence, we 
could estimate usage likelihood based on the ratio of the number of ESFs in which an 
individual had used a certain platform as compared to the total number of ESFs completed by 
this participant.  
Time stamps of the time of the prompt and of the actual participation time were 
automatically saved to compute report latency.  
Data analysis 
To address our research question, we calculated several measures. For each platform 
and each media use characteristic (usage frequency/likelihood, duration of a usage episode, 
habit strength, elaboration, gratifications), we will provide the following values:  
(1) Retrospective value: Mean and standard deviation were computed over all 
participants using the online survey measures. 
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(2) Aggregated in-situ value: First, individual mean values were computed by 
aggregating each respondent’s ESF measures. By aggregating we sought to approximate the 
recall process based on the frequency method we described above where respondents estimate 
their usual behavior by aggregating across remembered episodes (be they typical or non-
typical). We computed the arithmetic mean as an aggregation procedure.2 Then, we computed 
the overall arithmetic mean and standard deviation of the sample by averaging the aggregated 
individual in-situ value.  
(3) Difference: We calculated the deviation between each individual’s retrospective 
value (1) and their aggregated in-situ value (2) (ex-post minus in-situ). A positive result 
indicates that a respondent retrospectively reported a higher value as compared to their 
average in-situ value. Again, we provide the mean and standard deviation over all participants 
of this difference. Paired t-tests were used to test for non-random differences.  
(3a) Share of congruent estimates: When the overall average difference is positive, 
this does not imply that all respondents estimate their ex-post measures (1) higher as 
compared to their aggregated in-situ statement (2). To account for unequal distributions, we 
calculated the percentage of participants who have a difference (3) of zero (i.e. whose ex-post 
and in-situ estimates were equal). 
(3b) Share of higher ex-post estimates: Additionally, we computed the percentage of 
participants with a positive difference on the individual level (3) (i.e. who estimated higher 
values ex-post than in-situ).  
(4) Correlation: We calculated the association between retrospective (1) and 
aggregated in-situ values (2).  
(5) Partial correlation: As discussed above, participants’ in-situ reports had an 
average latency of 55.09 minutes. Also, the aggregated in-situ values of the participants base 
on different numbers of observations because the participants completed different numbers of 
ESFs per platform. To control for probable effects of these measurement distortions, we 
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additionally provide the partial correlations between retrospective (1) and aggregated in-situ 
values (2) controlling for the aggregated report latency, that is the arithmetic mean time lag 
between prompt and actual participation in an ESF for each participant for all ESFs of the 
respective platform, and controlling for the number of ESFs per person per platform. 
To describe commonalities or dissimilarities of retrospective usage frequency and in-
situ usage likelihood, we provide the retrospective value of usage frequency (1) and the usage 
likelihood computed from the in-situ measures (2). Since these two indicators were measured 
on different scales, it is not possible to compute the difference (3), the share of correct 
estimates (3a), and the share of overreporting (3b). We provide the correlation (4) and the 
partial correlation (5) between retrospective usage frequency (1) and aggregated in-situ usage 
likelihood (2).  
Results 
For an overview of the results see tables 1 to 4 (table 1 shows the results for duration 
of a usage episode, habit strength, elaboration, and gratifications for YouTube, table 2 for 
WhatsApp, and table 3 for Facebook, table 4 shows the results for usage frequency and usage 
likelihood for YouTube, WhatsApp, and Facebook).  
[Insert Table 1-4 here] 
Focusing on duration of a usage episode first, the mean values of the computed 
difference variables for all three platforms are positive. This indicates that on average 
individuals report longer durations in retrospect as compared to their averaged in-situ reports. 
Correspondingly, we find relevant shares of participants reporting higher values of their use 
of the platforms in retrospect (see tables 1-3, column 3b). The difference between 
retrospective and in-situ estimates is highest for YouTube (M = 10.39), followed by 
WhatsApp (M = 3.18), and shortest for Facebook (M = 1.40; see tables 1-3, column 3). Also, 
standard deviations of all three retrospective measures are higher than those of the in-situ 
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measures. The values of difference represent absolute measures of heterogeneity in the 
individuals’ estimations of usage duration. However, this heterogeneity in estimations is 
relative to the length of the average duration (e.g., a difference of a minute between 
retrospective and in-situ estimate is of greater relevance when the average use duration is two 
minutes as compared to 20 minutes). To facilitate comparison between the three platforms 
(and their strongly varying usage durations), we standardize the value by relating the 
individual retrospective duration estimate to the individual aggregated in-situ estimate. The 
resulting relative value reflects the proportion of differences in estimation for each individual. 
This proportion of differences in estimation over all respondents for YouTube is 1.98 (SD = 
2.27), for WhatsApp 2.17 (SD = 7.06), and for Facebook 1.66 (SD = 1.80, not depicted in the 
tables). This means, that on average respondents estimate their YouTube duration in 
retrospect to be almost twice as long as they report on average in the usage situation. This 
proportional difference is even higher with regard to WhatsApp. Ex-post and in-situ duration 
estimates are significantly and positively correlated for YouTube and Facebook but not for 
WhatsApp (see tables 1-3, column 4). 
The same tendency of higher ex-post reporting with significant, positive correlations 
can be observed with regard to habit strength for all three platforms (see tables 1-3, columns 3 
and 4). Habit strength was measured on a fixed scale of 1 to 5, 5 indicating strong habitual 
selection of a platform. Comparison of the absolute values shows that the difference between 
ex-post and aggregated in-situ values is largest for WhatsApp. On average, respondents report 
0.80 scale points greater habitual selection of WhatsApp when generalizing their behavior ex-
post. The difference between the measures is smallest for YouTube. YouTube is also selected 
least habitually – no matter if reported ex-post or in-situ.  
Regarding elaboration of content we find mixed support for the above stated pattern. 
For WhatsApp, participants report higher elaboration depth in retrospect – the difference is 
about half a scale point. The retrospective value correlates with the aggregated in-situ value. 
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However, for YouTube there is no significant difference between the values derived from the 
two methods and the values do not correlate. For Facebook elaboration of the content during 
reception is even reported significantly higher in-situ than in retrospect (0.50 scale points on a 
scale of 1 to 5) and there is no correlation to the retrospective value (see tables 1-3, columns 3 
and 4).  
The described pattern of higher ex-post reporting and medium-size correlations is also 
found with regard to most of the gratification items for all three platforms. It can be observed 
for all items with regard to WhatsApp and YouTube with the exception of items that were not 
assessed as being applicable by the respondents and have very low absolute means (for 
instance, most participants did not use YouTube for social integration) or showed little 
variance. With regard to Facebook, we find exceptions to the rule of higher ex-post reporting 
and correlations for the gratifications items “to inform myself” and “to communicate myself” 
(see tables 1-3, columns 3 and 4). The absolute differences between the estimates are 
considerable. For most of the gratification items the ex-post estimates are more than half a 
scale point larger than the aggregated in-situ estimates. Many of them are even larger than one 
scale point. For example, while in retrospect the participants on average report to use 
WhatsApp to be close to others (M = 4.38; SD = 0.68), in the situations they show much 
lower agreement to this gratification (M = 2.77; SD = 1.01).  
Correlations between the retrospective estimations of usage frequency in the online 
survey and the usage likelihood computed from the MESM data indicate low to medium size 
relationships for all three platforms (see table 4). Thus, the retrospective usage frequency 
measure captures only the tendency of the aggregated usage likelihood.  
As mentioned in the methods section, participants answered the ESFs on average 
about an hour after they were alerted. Additionally, the number of ESFs per respondent per 
platform varied because some respondents used the platforms less frequently and not all 
respondents completed all ESFs they received resulting in a lower number of relevant ESFs. 
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The mean report latency as well as the number of ESFs relevant for aggregation of the in-situ 
values might introduce non-random error in the aggregated in-situ reports. Thus, we 
controlled for report latency and number of completed ESFs per participants for each 
platform. The results show a widely consistent pattern: nearly all partial correlations have 
almost the same level as the uncontrolled correlations (see tables 1-4, column 5).3 
Discussion 
With some exceptions, we find a consistent pattern of differences and low to medium 
size correlations between retrospective measures and aggregated in-situ measures: In the 
overwhelming number of cases, respondents report higher values of duration of a usage 
episode, habit strength, elaboration, and gratifications in retrospect compared to the values 
derived from averaging their in-situ estimates of these constructs. This result holds true for 
YouTube, WhatsApp, and Facebook: Participants recall the average duration of usage 
episodes of all three platforms to be longer as opposed to the mean duration of usage episodes 
in-situ. The mean differences between the two measures are quite impressive: YouTube and 
WhatsApp users estimate duration retrospectively to be about twice as long as they report on 
average in-situ. For Facebook estimates of both methods are less heterogeneous. However, 
retrospective reports of Facebook use duration still is considerably higher (166%) than the 
average in-situ report. This heterogeneity is even more pronounced for WhatsApp. Yet, the 
difference from the aggregated in-situ value is not significant. We assume that this is due to 
the extremely high standard deviation of the retrospective value. The high standard deviations 
of the duration of YouTube and WhatsApp usage indicate that participants vary substantially 
with regard to how they report on their duration of a usage episode of these platforms. Such 
variation in usage duration among users is not generally surprising since people differ in their 
usage patterns, available time, and time spent with media. However, it is noticeable that the 
interindividual variation is greater with regard to the retrospective measures.  
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Respondents do not only estimate longer duration of a usage episode, they also state 
higher values in retrospect for most of the other constructs tested in our study: Respondents 
perceived their selection of the three platforms to be more habitual in retrospect than they 
averagely reported in-situ. In the moment of media use, the selection of a platform is assessed 
as being made with awareness, consciousness, and control over their own choice. In contrast, 
when asked how habitually they choose a platform in general respondents reported to be less 
aware of their choice, less conscious, and less controlling. Thus, it seems that users develop a 
feeling of automatic selection of their high frequency usage of YouTube, WhatsApp, and 
Facebook. In retrospect, platform selection was assessed as self-evident and without much 
alternatives. Yet, in the situation users put more selection effort in each platform choice than 
they give themselves credit for afterwards.  
The picture was less clear with regard to elaboration of content during media use. We 
found a non-significantly higher retrospective value of elaboration of YouTube content 
compared to the aggregated in-situ value, a significantly higher retrospective value of 
elaboration of WhatsApp content, and a significantly lower retrospective value of elaboration 
of Facebook content. Thus, with regard to reporting how much attention respondents pay to 
mediated messages, we did not find a general pattern. Instead, we observed varying patterns 
for each platform. This makes sense as elaboration is a content-dependent variable and 
channels do not determine the nature of the content. For instance, usually respondents might 
perceive WhatsApp content as important, because it mainly consists of interpersonal 
messaging with friends. Such content might in general be perceived as more relevant in 
retrospect and thus people might expect that they pay much attention during each usage 
episode. Yet, particular episodes might still consist of less relevant messages and users scan 
these messages with little attention resulting in differences between retrospect and in-situ 
estimates.  
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Apart from these exceptions, there is a universal pattern of people reporting higher 
values on most media use characteristics in retrospect than in-situ. The impression of MSM 
use remaining over time seems to differ from the de facto statement during media use. More 
specifically, recollected MSM use seems more gratifying, more informative, more 
entertaining, more integrating, and more helpful than it is reported in-situ. In the moment of 
use it seems to be perceived as more trivial whereas the memory of it is somewhat gilded. A 
similar pattern was found by Scherer and Schlütz (2002) with regard to the information 
motive. They put that result down to a social desirability bias that is more pronounced in 
retrospective surveys. This might also explain why people estimate their habit strength in 
selecting media platforms in retrospect to be stronger than they report in-situ. When media 
use is remembered as gratifying in each situation, respondents might think that the choice of 
such content is done with little awareness because they regularly receive gratifications from it. 
The state of “permanent communicative vigilance” that goes along with being always 
connected (Vorderer, Krömer, & Schneider, 2016, p. 695) might bias retrospective assessment 
of their use.  
The absolute magnitude of differences between the estimates is an additional indicator 
for this assumed tendency to reproduce socially shared images of the platforms in the 
retrospective survey. While the absolute differences are considerable for most gratification 
items, they are particularly large for gratifications that conform to broadly acknowledged 
gratification expectations of each platform. For YouTube, the absolute difference is largest for 
the entertainment gratification. This item is also rated highest in the retrospective survey. For 
WhatsApp, the item “to exchange ideas”, is rated highest in the online survey and has the 
second highest difference to the aggregated in-situ value. For Facebook, the gratification “to 
exchange ideas” has the largest difference. Hence, we can speculate, that in retrospect 
participants rather reproduce general gratification images of media than estimate their own 
gratification expectations based on their personal usage experiences.  
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Our study set out to describe differences of MSM use characteristics as a function of 
method of data collection. That we did. From the data at hand, however, we cannot deduce 
explanations for these findings. Given the importance of self-report measures in media 
research, it seems worthwhile to investigate possible influential factors causing the deviations 
between retrospective and in-situ values in future studies. An initial exploration into this 
question with regard to usage duration revealed no systematic patterns (Karnowski, Naab, & 
Schlütz, in press): The difference between retrospective values and aggregate in-situ values of 
the duration of a usage episode of YouTube, WhatsApp, and Facebook was not significantly 
related to the stability of the context in which the platforms were used nor to the involvement 
in the content or the tendency of the participants to give socially desirable answers.  
Another explanation might lie within the characteristics of MSM: mobility, high 
frequency of use, and low duration of single usage episode. These properties have featured 
usage patterns of perceived permanent availability and continuous usage occurring across a 
large variety of spacial, temporal, and social contexts. Probably, such usage patterns pose 
specific challenges to media users when retrieving, estimating, and reporting their usage. The 
use of MSM might be perceived as continuous although it is actually disjunct. Single usage 
episodes blur into one experience that is less specific. This might explain why respondents 
estimate longer usage episodes in retrospect. Demarcating a single episode of reading, 
writing, and watching social media content before doing something else might be easier in the 
moment of use. When asked for a marked-off usage episode in retrospect, several experiences 
might merge into one single impression. This cloudy and less defined experience might also 
seem more informative, entertaining, and gratifying because it includes a mixture of various 
episodes, some of them gratifying for one end, some for another.  
With regards to survey research, the results point to the question which cognitive 
strategies respondents use when asked for retrospective self-reports. It is commonly assumed 
that in frequency questions respondents recall instances of a behavior and then aggregate 
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across these instances to derive at an estimate. Aggregating across several in-situ reports 
mimics this strategy. The found differences between the respondents’ retrospective estimates 
and aggregated in-situ estimates might both indicate biased MESM measures as well as 
individuals consciously or unconsciously not accounting for all situations with the same 
weight when aggregating their retrospective self-reports.  
The somewhat disturbing picture painted by the findings questions the validity of self-
report data on MSM use. For most of the included constructs and social media platforms, we 
found significant, positive correlations between retrospective reports and aggregated in-situ 
values. However, the correlations were low to medium size only, and some values were not 
associated at all. Given the different contexts in which the data of the two studies were 
collected, the correlations seem still noteworthy. 
Limitations and Further Research 
Despite the coherent findings of our study we have to address some limitations. As our 
study was designed to describe measurement effects rather than explain them we did not 
systematically consider factors influencing differences between retrospective and aggregated 
in-situ measures. Further studies should therefore look into answering heuristics for providing 
estimations in retrospective surveys (like deriving estimations from the most typical 
situations, the most recent situations, situations of particularly great gratification potential 
etc.; Conrad, Brown, & Cashman, 1998; Tourangeau, Rips, & Rasinski, 2000, pp. 136-164) or 
exposure states influencing recall (Potter, 2008). Furthermore, characteristics of the media 
platform and especially the actual content used should be considered as factors influencing 
differences between ex-post and in-situ data.  
For methodological reasons explained above, the retrospective survey data and the 
aggregated in-situ data did not refer to the exact same period of time. Studies with a between-
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subject experimental design that varies the order of the online survey and the MESM periods 
could address this problem.  
As we used a convenience sample consisting of students, the results might be biased. 
A validation of the results with a more heterogeneous and ideally representative sample is 
necessary, because respondents with different media use patterns might have fewer 
difficulties in determining clear-cut usage episodes. What is more, people with less overall 
social media use might have a more memorable picture of typical and also of atypical usage 
situations. In addition, individuals with varying cognitive abilities might compute estimations 
differently. 
The study was confined to three MSM platforms. It seems worthwhile to reappraise 
the findings with regard to a broader variety of media platforms, for instance including 
traditional media outlets. Additionally, it would be interesting to compare mobile and 
stationary social media use. This approach should assist in investigating and explaining inter-
platform differences in more detail.  
Although we asked respondents to answer the ESF as soon as possible, we still have a 
considerable report latency. Immediate completion of ESFs upon signaling is a necessary 
precondition for unbiased estimates. However, it is a central challenge of MESM and further 
methods approaching in-situ measurement, that respondents are not necessarily able or willing 
to respond as soon as they are alerted. Thus, although the prompts were sent at random times 
the ESFs might refer to non-random situations. We cannot analyze how media-related and 
non-media-related activities during prompts influenced report latency. However, our analyses 
show that report latency barely affected correlations between retrospective and aggregated in-
situ measures for the examined constructs and platforms. Thus, at least in our study report 
latency does not introduce much systematic error.  
Furthermore, our situational sample is limited due to the fact that we only sent out 
three alarms each day. More data points would make for a more comprehensive situation 
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sample. This would extend the data basis for the aggregation of the in-situ measurements. In 
general, the advantage of aggregated in-situ values is that – since the data are collected in-situ 
– they depend less on retrospective cognitive representation and recall of MSM use episodes 
and – since they are aggregated later by the researchers– individuals do not need to average 
these episodes themselves. However, the researchers’ aggregation will only lead to a valid 
representation of MSM usage if the situation sample is representative of all MSM usage 
situations. Such a representative sample of use situations can be achieved through random 
signaling, yet it is limited by report latency and systematic nonresponse in specific situations. 
It is beyond the scope of this paper and the existing data to analyze how a greater number of 
ESFs per participant per platform would affect the reliability of the aggregated in-situ values. 
Yet, it is likely that further in-situ reports on a platform increase the stability of the 
aggregates. However, additional prompts might wear out participants, increase dropout rates 
(on both participant and situational level), and introduce a bias towards media use in 
convenient circumstances that allow for completing an ESF. At least, controlling for the 
number of ESFs in the aggregations lead to very similar results in the comparison of the 
retrospective and the aggregated in-situ values. Another strategy might be to limit research to 
only one platform and not randomly splitting ESFs between three platforms resulting in a 
larger database, yet forgoing the opportunity to compare platforms as in the present study.  
Related to the limited number of alerts per day, the study is limited since participants 
were not alerted after 10 pm leading to a potential misrepresentation of late-night MSM use. 
But, as discussed above, the by far biggest part of media use of young people (ages 14-29; 
Feierabend, Klingler, & Turecek, 2016) happens before 10 pm. In addition, signaling after 10 
pm might easily have disturbed participants during their sleep. Unfortunately, such an 
obtrusiveness is not feasible for a period of a fortnight. Still, this limitation might impede the 
comparability of the two measures.  
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Additionally, we have to bear in mind further shortcomings of MESM: We need to 
account for panel effects that is the possibility that participants changed their behavior in the 
course of the study. Being self-reports, MESM measures do not represent objective behavioral 
data. They still depend on the respondents’ ability and willingness to report on their behavior 
and cognitions. When focusing on media use behavior like frequency and duration of usage 
episodes, log files provide a more valid picture of participants’ media use independent of 
measurement errors that are inevitable in self-reports. On the downside, log file analyses 
cannot inform about cognitive measure like habit, elaboration, and gratifications. Ideally, self-
reports should be combined with observed behavioral data to paint a more complete picture of 
MSM use characteristics. 
Conclusion 
Limitations notwithstanding, our study gave further evidence that measurement of 
media use is prone to non-random errors. While factors like gender, age, frequency of use, 
habit strength, or social desirability of a certain media behavior have already been discussed 
as influencing measurement error (Abeele, Beullens, & Roe, 2013; Scharkow, 2016), we 
focused on method of data collection as a relevant factor. Overall, we observed a consistent 
pattern of higher estimates in retrospect as compared to individual averages of in-situ reports. 
The absolute magnitude of these differences, however, varies considerably between platforms 
and characteristics studied. Nonetheless, for most constructs and platforms we found low 
significant positive correlations between retrospective and aggregated in-situ values. As our 
study did not include an objective criterium indicating the true values of MSM use 
characteristics, we can only highlight these differences – and hence potential issues in the 
current practice of measuring MSM use – without recommending one method over the other. 
Future studies will have to empirically test the validity of both measurements in relation to 
constructs and platforms studied, both by comparison with objective measures like log files – 
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for constructs where this is possible – and by testing predictive validities in relation to method 
of measurement. 
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Endnotes 
1 We chose this time frame as the by far biggest part of media use of young people 
(ages 14-29; Feierabend, Klingler, & Turecek, 2016) in Germany happens during these hours. 
In addition, we did not want to burden our participants any further by alerting them during 
night time, when they might be sleeping. 
2 The arithmetic mean is the standard aggregation procedure to compute individual 
level data from repeated in-situ observations of individual participants. To test whether the 
aggregation procedure influences the results when comparing aggregated in-situ values (2) 
and retrospective values (1), we applied different aggregation procedures regarding duration, 
habit, and elaboration for the three platforms. For instance, we derived at aggregated in-situ 
values (2a) by computing the median of each respondent’s in-situ measures and (2b) by 
computing the arithmetic mean of each respondent’s in-situ measures excluding probable 
outliers (z ≥ 1.96) of the respective individual respondent. However, the aggregated in-situ 
values computed as arithmetic mean (2) correlated strongly (r above .90) and significantly (p 
< .001) with the aggregated in-situ values computed as median (2a) and computed as 
arithmetic mean excluding outliers from the aggregation (2b). This holds for all tested 
constructs (duration, habit, elaboration, and gratifications) and for all three platforms. Thus, in 
the paper we will only report results of the standard aggregation using the arithmetic mean 
(2). 
3 More detailed analyses show that correlations and partial correlations between 
retrospective and aggregated in-situ values have very similar levels when only controlling for 
report latency. Additionally introducing the number of ESFs per participant and platform as 
control variable leads to three significant changes (see table 1 and table 4). Thus, we assume 
that while report latency does not introduce relevant measurement distortion, a greater number 
of ESF reports on which the aggregation of in-situ data is based stabilizes the aggregated 
MESM values. 
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Comparison of retrospective values of the online survey and aggregated in-situ values of the 








































of ESFs (5) 















2.00 (1.06) 0.26 (.96)* 21 51 .586*** .399** 
Elaboration 3.57 
(0.96) 
3.73 (0.80) -0.16 
(1.11) 





3.85 (1.27) 0.60 
(1.20)*** 





3.58 (1.46) 1.04 
(1.58)*** 





2.18 (0.99) 0.60 
(1.06)*** 





2.67 (1.19) 0.91 
(1.50)*** 
9 70 .243* .264* 
To be able to 
have a say 
2.49 
(1.24) 
1.68 (0.70) 0.81 
(1.21)*** 
15 60 .318** .310* 















1.36 (0.70) -0,048 
(0,75) 
35 18 .281* .269* 
Note. N = 67 participants. 
Significant correlations and differences are printed bold. *p < .05, **p < .01, ***p < .001. 
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Table 2 
Comparison of retrospective values of the online survey and aggregated in-situ values of the 




























Partial corr. betw. 
retro. and aggr. 
in-situ contr. for 
report latency and 
number of ESFs 
(5) 






4.94 (3.93) 3.18 
(25.44) 





2.71 (0.96) 0.80 
(1.14)*** 
1 73 .386*** .368*** 
Elaboration 3.90 
(0.83) 
3.40 (0.70) 0.49 
(0.81)*** 





2.36 (0.78) 0.67 
(1.21)*** 





2.96 (0.85) 0.27 
(1.23)* 





3.40 (0.73) 0.84 
(1.01)*** 





3.13 (0.76) 0.54 
(1.14)*** 
4 69 .308** .313** 
To be able to 
have a say 
3.60 
(1.23) 
2.42 (0.82) 1.18 
(1.16)*** 
3 82 .412*** .411*** 




2.77 (1.01) 1.61 
(0.99)*** 






3.37 (0.84) 1.22 
(0.87)*** 





3.70 (0.72) 1.26 
(0.67)*** 





3.00 (0.82) 1.00 
(1.26)*** 





3.05 (0.80) 0.61 
(1.19)*** 
1 70 .283** .281** 
Note. N = 110 participants.  
Significant correlations and differences are printed bold. *p < .05, **p < .01, ***p < .001. 
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Table 3 
Comparison of retrospective values of the online survey and aggregated in-situ values of the 





























betw. retro. and 
aggr. in-situ 
contr. for report 
latency and 
number of ESFs 
(5) 













6 68 .419*** .391*** 
Elaboration 1.93 
(0.70) 
2.43 (0.82) -0.50 
(0.98)*** 





3.65 (1.03) 0.64 
(1.16)*** 





2.94 (1.15) 0.86 
(1.46)*** 





3.27 (0.99) 0.51 
(1.15)*** 





3.30 (0.88) 0.08 (1.21) 17 42 .173 .188 
To be able to 
have a say 
3.04 
(1.15) 
2.38 (0.88) 0.67 
(1.21)*** 
15 60 .306** .289** 




1.87 (0.87) 0.89 
(1.18)*** 











2.00 (0.98) 1.24 
(1.35)*** 





1.94 (0.88) 0.58 
(1.44)*** 





2.86 (0.97) 0.29 
(1.23)* 
15 54 .367*** .359*** 
Note. N = 100 participants.  
Significant correlations and differences are printed bold. *p < .05, **p < .01, ***p < .001.  
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Table 4 
Retrospective usage frequency of the online survey and aggregated in-situ usage likelihood of 
the MESM study regarding YouTube, WhatsApp, and Facebook 
Measures Retro-spective 
value (1):  
Usage frequency 
Aggregated in-









and aggr. in-situ 
controlling for 
report latency 
and number of 
ESFs (5) 
 M (SD) M (SD) r partial r 
YouTube 2.36 (1.10) 0.10 (0.11) .616*** .279* 
WhatsApp 4.77 (0.41) 0.49 (0.21) .204* -.006 
Facebook 3.80 (0.75) 0.18 (0.15) .478*** .310** 
Note.  
Number vor participants for usage frequency (1): N = 112 for all platforms.  
Number of participants for usage likelihood (2) and the correlation (4, 5): N = 112 for 
YouTube, N = 110 for WhatsApp, N = 108 for Facebook.  
Significant correlations are printed bold. *p < .05, **p < .01, ***p < .001 
 
